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A B S T R A C T

Objective: We sought to measure the deformation of tibiofemoral cartilage immediately following a 3-mile
treadmill run, as well as the recovery of cartilage thickness the following day. To enable these measurements,
we developed and validated deep learning models to automate tibiofemoral cartilage and bone segmentation from
double-echo steady-state magnetic resonance imaging (MRI) scans.
Design: Eight asymptomatic male participants arrived at 7 a.m., rested supine for 45 min, underwent pre-exercise
MRI, ran 3 miles on a treadmill, and finally underwent post-exercise MRI. To assess whether cartilage recovered to
its baseline thickness, participants returned the following morning at 7 a.m., rested supine for 45 min, and un-
derwent a final MRI session. These images were used to generate 3D models of the tibia, femur, and cartilage
surfaces at each time point. Site-specific tibial and femoral cartilage thicknesses were measured from each 3D
model. To aid in these measurements, deep learning segmentation models were developed.
Results: All trained deep learning models demonstrated repeatability within 0.03 mm or approximately 1 % of
cartilage thickness. The 3-mile run induced mean compressive strains of 5.4 % (95 % CI ¼ 4.1 to 6.7) and 2.3 %
(95 % CI ¼ 0.6 to 4.0) for the tibial and femoral cartilage, respectively. Furthermore, both tibial and femoral
cartilage thicknesses returned to within 1 % of baseline thickness the following day.
Conclusions: The 3-mile treadmill run induced a significant decrease in both tibial and femoral cartilage thickness;
however, this was largely ameliorated the following morning.
1. Introduction

Advances in medical imaging techniques have enabled in vivo mea-
surement of tissue biomechanical function and properties [1–3]. These
insights are particularly critical to developing a greater understanding of
joint health [4]. For example, there is significant interest in determining
how activities such as running impact the function of articular cartilage
[5,6]. To probe this question, magnetic resonance imaging (MRI)-based
studies have investigated how acute bouts of running induce cartilage
strain (i.e. change in cartilage thickness normalized to baseline thick-
ness) within the tibiofemoral joint [7–9]. However, there is a paucity of
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data describing whether cartilage thickness recovers after running at
time scales relevant to habitual loading, such as daily exercise [7].
Investigating cartilage thickness over time may provide insights into the
influence of running on cartilage health.

In vivo measurement of articular cartilage thickness and strain often
requires MRI-derived 3D models of the cartilage and bone. While some
prior studies have utilized manual segmentation to create these models,
this process can be time consuming [10,11]. In recent years, deep
learning has demonstrated promise in automating some previously
manual medical imaging segmentation tasks. One particularly successful
deep learning segmentation architecture is the UNet, which several
States.
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groups have successfully implemented to automate the segmentation of
bone, cartilage, ligament, and muscle from MRI scans [12–19]. Inspired
by these prior works, we sought to develop deep learning models to
automate the segmentation of the tibiofemoral bone and cartilage for our
dataset of double-echo steady-state (DESS) MRI scans [7], in order to aid
in the efficient measurement of cartilage thickness and strain.

Thus, the objectives of this work were to measure changes in cartilage
thickness before and after a 3-mile treadmill run and to assess whether
cartilage thickness recovered the following day. This was enabled via the
development of deep learning models to automate segmentation of the
tibiofemoral bone and cartilage from DESS knee MRI scans. Using our
trained deep learning models to expedite segmentation, we hypothesized
that both tibial and femoral cartilage would experience significant de-
creases in cartilage thickness following the 3-mile run and that these
deformations would largely recover the next day.

2. Methods

2.1. Study design

Following institutional review board approval, eight asymptomatic
males (age: 27–40 years; BMI: 18–25 kg/m2) were recruited to partici-
pate in this study [7,20]. The study design consisted of an MRI-based
protocol that began with participants arriving at approximately 7 a.m.
and resting supine for 45 min to allow for consistent cartilage unloading
before undergoing a pre-exercise DESS MRI scan [7,20]. All DESS MRI
scans were collected on the same 3.0 T scanner (TrioTim; Siemens
Healthcare; Malvern, Pennsylvania) with identical imaging parameters
(field of view ¼ 16 cm � 16 cm; image resolution¼ 0.3 � 0.3 � 1.0 mm;
flip angle ¼ 25�; repetition time ¼ 17 ms; echo time ¼ 6 ms). Following
the first scan, participants performed a 3-mile treadmill run, followed
immediately by a post-exercise DESS MRI scan. Participants returned the
following morning at approximately 7 a.m., rested supine for 45 min, and
underwent a recovery DESS MRI scan. This scan occurred an average of
22 h and 46 min (standard deviation ¼ 5 min) after the end of the
treadmill run the previous morning.
2.2. Segmentation model development & testing

In order to analyze the aforementioned data, we first sought to
develop deep learning models to aid in the segmentation of the tibiofe-
moral bone and cartilage. All data utilized for model development were
obtained from 6 previously published IRB-approved studies [21–26].
Data were aggregated from 2 of these studies to train the tibia and femur
bonemodels, and from all 6 of these studies to train the tibial and femoral
cartilage models. Table 1 presents the participant demographics for each
aggregated dataset. The primary differences between the bone and
cartilage datasets were that the cartilage datasets included data from
more participants and participants with a more diverse injury status.
Table 1
Population variables used for model development.

Variable Bone
(tibia/femur)a

Cartilage (tibial/femoral)b

Participants 21 (13M/8F) 72 (51M/21F)
Injury status Healthy Healthy (34)

ACL deficient (17)
ACL reconstructed (9)
ACL reconstructed & partial
meniscectomy (12)

Age range (years) 22–48 22–48
BMI range (kg/m2) 20.0–27.9 18.5–34.7

a MRI data from the 21 participants was aggregated from published research
[21,24].

b MRI data from the 72 participants was aggregated from published research
[21–26].
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Participants were not included if they exhibited high-grade chondral
defects or full thickness cartilage loss. The inclusion of additional par-
ticipants for the cartilage models was driven by the need to have more
training data due to the increased variability of cartilage morphology
compared to bone.

For each dataset involved in model development, all participants
completed two DESS knee MRI scans, all of which were acquired using
the same MRI scanner and imaging parameters described in the study
design. MRI scans were previously segmented in prior works using
commercially available solid modeling software Rhinoceros 4.0 (Robert
McNeel and Associates; Seattle, Washington) by 6 researchers (E.C.O.,
M.R.W., C.S.P., B.S.C., N.K.L., E.G.S.) who were blinded to the order of
scan acquisition when applicable. Each researcher received the same
formalized task-specific training using a standardized training dataset,
following standard guidelines, and was required to pass quality control
testing administered by an expert radiologist prior to performing the
segmentation task. The reviewing radiologist was fellowship-trained,
currently with over 35 years of musculoskeletal (MSK) imaging experi-
ence and particular expertise in MRI and MSK biomechanics (C.E.S.).
Subsequently, the same radiologist reviewed all segmentations of the
study with the researcher. Furthermore, in each study, select data was
resegmented to demonstrate reproducibility. Using custom MATLAB
(Mathworks; Natick, Massachusetts) software, segmentations were con-
verted into binary masks and automatically cropped from 512 � 512
pixels to 256 � 256 pixels surrounding the tissue of interest to aid in
computational efficiency. All data were then randomly split into sets for
training (cartilage: 100 scans/12,000 images; bone: 32 scans/3840 im-
ages), validation (cartilage: 22 scans/2640 images; bone: 6 scans/720
images), and testing (cartilage: 22 scans/2640 images; bone: 4 scans/480
images).

Both 2D- and 3D-UNet models were trained for each segmentation
task in order to determine the optimal model architecture. All models
were coded in Python 3.9 with Tensorflow 2.5 and Keras 2.5. Model
training was performed using the Duke Compute Cluster, which features
a variety of available GPUs. To optimize hyperparameter selection, a
gridsearch for each model was performed over the following parameters:
batch size, filter size, kernel size, and learning rate. Additionally, the 3D-
UNet models included patch volume and stride length as parameters in
the gridsearch with the following options implemented using the python
module patchify: [volume: 256 � 256 � 112 pixels, stride: not appli-
cable], [volume: 256 � 256 � 32 pixels, stride: 16], [volume: 256 � 256
� 16 pixels, stride: 8], [volume: 112 � 112 � 112 pixels, stride: 72], and
[volume: 64� 64� 64 pixels, stride: 48]. Model depth was held constant
at 5, and 2D and 3D models were trained for 500 and 2000 epochs,
respectively, using early stopping with a patience set to 100 epochs. The
Dice Similarity Coefficient (DSC) loss function was used for all models,
which is equal to 1 – DSC and is a measure of the overlap between the
manually segmented and model predicted masks [27]. Optimal models
for each of the four tissues were determined by the model that achieved
the highest validation set DSC during training. Subsequently, each of the
four optimal models was applied to their corresponding testing set, and a
new DSC was calculated.

Following model development and testing, the next objective was to
evaluate the repeatability of using the trained bone segmentation models
to create 3D models of the tibia and femur. To accomplish this, we uti-
lized a separate dataset not involved in model development, consisting of
seven new participants (sex: 3F/4M, age: 22–39 years, BMI: 19–28 kg/
m2) with no history of knee injury or surgery. For each participant, two
MRI scans were acquired using the same imaging parameters as the data
utilized for model development. Assuming that the tibia and femur bones
should not deform significantly between the repeated scans, the objective
was to use the trained bone segmentation models to create 3D models of
the tibia and femur and measure bone surface distances between the
repeated scans. These distances represent differences in how the trained
segmentation models predicted the scans and can be used as a measure of
scan-to-scan repeatability.
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The pipeline for this process began by inputting the two DESS MRI
scans of the same participant into the trained segmentation models,
which generated masks for each of the bones (Fig. 1). Outlier pixels
disconnected from the main bone regions of interest were manually
removed and mask contours were extracted and converted into point
clouds for all images stacked together. Point clouds were then recon-
structed into 3D surface mesh models using Geomagic Studio 11 (3D
Systems; Research Triangle Park, North Carolina), and the 3D models of
each bone were aligned with one another [7]. Finally, surface distances
were calculated in the x- (anterior-posterior), y- (superior-inferior), and
z- (medial-lateral) directions at different regions of interest (within a 2.5
mm radius) sampled evenly across the femoral condyles and tibial pla-
teaus. A total of 36 regions of interest were measured across the femoral
condyles and 18 regions of interest were measured across the tibial
plateaus [28]. Mean distances in the x-, y-, and z-directions for each
participant were used to calculate a group mean and 95 % confidence
interval for each measurement direction.

The next task was to assess the repeatability of cartilage thickness
measurements by evaluating cartilage thickness from scans acquired on
different days. Using the same dataset as was previously described in the
study design, we used the pre-exercise and recovery scans, as these scans
both represent unloaded time points when the cartilage is at baseline
thickness. It should be noted that day-to-day fluctuations in cartilage
thickness could impact measurement repeatability. In order to enable
repeated site-specific cartilage thickness measurements, 3D surface mesh
models of the associated tibia and femur from each scan were created and
aligned together along with the corresponding cartilage surfaces (Fig. 2).
Cartilage thickness was then measured by sampling and averaging 18
locations across the tibial plateaus and 36 locations across the femoral
condyles (Fig. 1). At each location, all cartilage vertices within a 2.5 mm
radius were included. Cartilage thickness at each vertex was defined as
the distance to the nearest point on the bone surface. Finally, the thick-
nesses at all vertices were averaged together to produce a thickness for
each location across the tibial plateaus and femoral condyles [28]. Prior
to measuring cartilage thickness, outlier pixels disconnected from the
main cartilage regions were manually removed and bone models
were thoroughly reviewed. Cartilage thickness measurement reliability
was evaluated by calculating a two-way, mixed effects,
multiple-measurement, absolute agreement intraclass correlation coef-
ficient for each cartilage surface. Additionally, we determined the coef-
ficient of variation and standard deviation between the thickness
measurements taken on different days.
Fig. 1. Bone Surface Distance Repeatability Analysis Pipeline. (A) To assess bone
into the trained tibia and femur segmentation models. (B) The trained models predict
extracted and reconstructed into 3D models using Geomagic Studio 11 (3D Systems;
Scan 1 and Scan 2 are aligned using an iterative closest point technique [6]. (E) Bon
scans across all regions of interest [28]. M ¼ medial and L ¼ lateral.
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2.3. Running-induced cartilage strain & recovery

Following testing of the bone and cartilage segmentation models, the
trained models were used to perform the primary objective of this work,
which was to measure tibial and femoral cartilage strain and recovery
following a 3-mile run. In this analysis, all scans were manually cropped
around the regions of interest, predicted by the trained segmentation
models, reviewed, and compiled to generate 3D models of the bone and
cartilage from which we could measure cartilage thickness. Obtaining
thickness measurements at all three time points allowed for the com-
parison of cartilage thickness between the pre-exercise and recovery
scans, as well as the calculation of cartilage strain post-exercise (Equation
(1)).

Strain ðεÞ¼ 100 *
Thicknesspost � Thicknesspre

Thicknesspre
Eq 1

Two repeated measures ANOVAs were performed to determine the
influence of time point (pre-exercise vs. post-exercise vs. recovery) on
tibial and femoral cartilage thicknesses. Subsequent Fisher’s Least Sig-
nificant Difference post-hoc tests were performed to detect differences
between means as appropriate. Differences were considered statistically
significant with p < 0.05.

3. Results

3.1. Model development & testing

In terms of testing set DSCs, the 2D-UNet models outperformed the
3D-UNet models across all four tissues (Table 2). While the difference
between the 2D- and 3D-UNet models was relatively small (Δ DSC
<0.01), the difference was most pronounced for the cartilage models (Δ
DSC for tibial cartilage¼ 0.006 andΔDSC for femoral cartilage¼ 0.008).
After optimal models were determined, they were subsequently applied
to the testing set for each tissue (Table 2). Both bone models achieved
testing set DSCs greater than 0.980, and both cartilage models achieved
testing set DSCs greater than 0.900.

Evaluation of scan-to-scan repeatability demonstrated that bone
surface distance group means were less than 0.03 mm for both the tibia
and femur across all three directions (Table 3). Day-to-day measure-
ments of cartilage thickness similarly revealed excellent reliability and
precision, with ICCs of 0.984 and 0.987, and CVs of 1 % (standard
deviation 0.03 mm) and 1 % (standard deviation 0.02 mm) for the tibial
surface repeatability, two DESS MRI scans from a single participant are inputted
the tibia and femur masks. (C) The outer contours from the predicted masks are
Research Triangle Park, North Carolina). (D) The tibia and femur models from
e surface distances in the x-, y-, and z-directions are calculated between the two



Fig. 2. Bone and Cartilage 3D Model Reconstruction Pipeline. (A) Each DESS MRI scan is inputted into the 4 trained segmentation models, and binary masks are
outputted for each of the 4 tissues. (B) Visualization of the predicted bone and cartilage masks overlaid on the original DESS MRI scan. (C) Mask contours are
extracted, converted into point clouds, and reconstructed into 3D surface mesh models using Geomagic Studio 11 (3D Systems; Research Triangle Park, North
Carolina). Tan color indicates the tibia and femur, while green indicates the tibial and femoral cartilage.

Table 2
Dice Similarity Coefficient for bone and cartilage by dataset.

Tissue Validation Set Testing Set

2D-UNet 3D-UNet

Femoral bone 0.989 0.987 0.990
Tibial bone 0.984 0.984 0.988
Femoral cartilage 0.921 0.913 0.913
Tibial cartilage 0.909 0.903 0.901

Testing set Dice Similarity Coefficients were calculated using the 2D-UNet.

Table 3
Mean (�95 % CI) scan-to-scan bone surface distances (mm).

Direction Tibia Femur

X 0.00 (0.04) 0.01 (0.03)
Y 0.02 (0.04) 0.02 (0.03)
Z 0.00 (0.03) 0.01 (0.02)
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and femoral cartilage, respectively. Further, using our trained deep
learning models, the total time required to segment the bone and
cartilage in the tibiofemoral joint decreased from an order of hours or
days when performed manually to an order of minutes when performed
using deep learning.
3.2. Running-induced cartilage strain & recovery

In general, the 3-mile treadmill run induced compressive cartilage
strains, and these strains were largely attenuated the morning following
exercise (Fig. 3). An overall effect of time on cartilage thickness was
observed for both the tibial (p< 0.0001) and femoral (p< 0.01) cartilage
(Fig. 4). Tibial cartilage thickness changed by�0.15 (95 % CI¼�0.20 to
�0.11; p< 0.0001) mm pre-to post-exercise and recovered to 0.02 (95 %
CI ¼ �0.02 to 0.06; p ¼ 0.37) mm the following day relative to baseline.
Similarly, femoral cartilage thickness changed by �0.06 (95 % CI ¼
�0.10 to�0.02; p< 0.01) mm pre-to post-exercise and recovered to 0.01
(95 % CI ¼ �0.02 to 0.04; p ¼ 0.60) mm the following day relative to
baseline. Three miles of treadmill running resulted in compressive strains
of 5.4 % (95 % CI ¼ 4.1 to 6.7) and 2.3 % (95 % CI ¼ 0.6 to 4.0) for the
tibial and femoral cartilage, respectively (Fig. 4).
4

4. Discussion

This work sought to measure the deformation of tibiofemoral carti-
lage thickness immediately following a 3-mile treadmill run, as well as
the recovery of cartilage thickness the following morning. In these ana-
lyses, both tibial and femoral cartilage thickness significantly decreased
following the 3-mile run and recovered to within 1 % of pre-exercise
thickness after one day of recovery. Additionally, deep learning models
were trained to automate segmentation of the tibiofemoral bone and
cartilage in order to enable the efficient measurement of cartilage
thickness. All models were reliable and demonstrated precision similar to
that of manual segmentation [28].

In terms of deep learning model development, we successfully trained
models to segment the tibiofemoral bone and cartilage from DESS knee
MRI scans. For each task, we trained both 2D- and 3D-UNet models to
ensure that the optimal model architecture was chosen for each specific
tissue. In terms of DSCs, the 2D models moderately outperformed the 3D
models for each of the four tasks. While the primary benefit of the 3D-
UNet architecture is the inclusion of inter-slice context, training of the
3D-UNet models was inherently constrained due to the computationally
expensive nature of the 3D network and the relatively large image vol-
umes. These factors led to a tradeoff between image volume size and
maximum hyperparameter complexity due to memory constraints of the
GPUs available for model training. Ultimately, the added inter-slice
context of the 3D-UNet models may have not outweighed training re-
strictions, leading to the 2D models performing better. In terms of the
optimal model testing set DSCs for each of the four tasks, our models
compared favorably with the previously reported best scores [6,13,15,
16,19,29–31]. It should be noted, however, that it is difficult to make
direct comparisons between testing set DSCs across studies, as groups
typically use different testing sets, which may impact the ultimate score.
Despite this, the testing set DSCs from the present study reflect significant
agreement between manually and automatically derived segmentations.
One factor that likely contributed to our success in training models
specific for our use-case was the consistency of data utilized for model
development. All scans were collected on the same 3.0 T MRI scanner
with identical imaging parameters [21–26], and all segmentations were
reviewed by the same MSK radiologist with more than 35 years of
experience. A limitation of our model development techniques was that
training a specific model for each segmentation task now requires
application of 4 separatemodels to predict the tissues of interest, whereas



Fig. 4. Running-induced changes to cartilage
thickness and strain. (A) Cartilage thickness
decreased significantly pre-to post-exercise for
both the tibial (p < 0.0001) and femoral (p <

0.01) cartilage. Subsequently, cartilage thickness
increased back towards baseline thickness at the
recovery time point for both the tibial (p <

0.0001) and femoral (p < 0.01) cartilage. Sig-
nificant differences between baseline and recov-
ery were not detected for either the tibial (p ¼
0.37) or femoral (p ¼ 0.60) cartilage. (B)
Running induced post-exercise compressive
strains of 5.4 % (95 % CI ¼ 4.1 to 6.7) and 2.3 %
(95 % CI ¼ 0.6 to 4.0) for the tibial and femoral
cartilage, respectively.

Fig. 3. Cartilage thickness maps for one participant pre-exercise, post-exercise, and after 24-h of recovery. Red represents thicker regions of cartilage, while
blue represents thinner regions. Post-exercise cartilage thickness decreased compared to the pre-exercise and recovery time points, which were relatively similar. M ¼
medial and L ¼ lateral.

P.X. Bradley et al. Osteoarthritis and Cartilage Open 7 (2025) 100556
a multiclass model could have predicted each tissue with a single model.
However, training a separate model for each segmentation task enabled
task-specific hyperparameter optimization. This also enabled cropping of
the image volume to each tissue, which decreased computational cost
and ultimately enabled more hyperparameter combinations to be tested
during model training. While the objective of this work was to train
models to segment the tibiofemoral bone and cartilage from DESS knee
MRI scans with specific imaging parameters, a limitation is therefore that
the application of these models is thus specific in nature. Specifically, it is
not well known how they would perform with imaging data that differs
from that which the models were trained on.

Following model development, we evaluated the repeatability of
using the trained segmentation models to create 3D models of the tibia
and femur, as well as measure cartilage thickness. Beginning with the
tibia and femur, we utilized two scans per participant that were obtained
approximately 30 min apart after the participant was repositioned and
5

measured scan-to-scan group mean distances less than 0.03 mm for the x-
, y-, and z-directions. While some distances represent a small positive
bias, the 95 % confidence intervals of all distances overlap with zero.
Further, while these distances should largely represent differences in
scan-to-scan segmentation, they may also encompass some error intro-
duced from 3D model alignment. However, most importantly, the bone
surface distances measured here all fall within the previously reported
manual measurement resolution for this technique [28], meaning that
the repeatability of using the trained bone models is comparable to that
of trained manual segmenters plus review from a fellowship-trained
radiologist. The repeatability of creating bone 3D models is important,
as it has been suggested that bone shape may change over time with
injury, aging, and OA status [32–36]. Next, we evaluated the repeat-
ability of using the bone and cartilage segmentation models to measure
cartilage thickness. A limitation of this work is that we did not perform
manual segmentations to compare manual and automated strain
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measurements. However, in order to assess measurement reliability, we
measured cartilage thickness in the same cohort of participants across
two different days. Assessing measurement reliability across different
days in this way has an advantage over comparison to manual segmen-
tations as it removes intra- and inter-segmenter variability that may bias
the perceived validity of the model. The ICCs for this analysis were
greater than 0.980 for both the tibial and femoral cartilage, indicating
excellent measurement reliability [37]. Further, the day-to-day mea-
surement of cartilage thickness resulted in CVs of 1 % for both the tibial
and femoral cartilage. The present results indicate that our resolution for
measuring cartilage thickness is similar to the previously established
resolution of this technique using manual segmentation (~1 %) [28].

The primary objective of this work was to use our trained models to
measure tibial and femoral cartilage strain and recovery in response to a
3-mile treadmill run. Prior work has investigated running-induced
changes to cartilage thickness and volume with varying results [7,
38–42]. While several studies have demonstrated changes in cartilage
thickness and volume in some compartments after running [38,40–42],
others have failed to detect significant changes in tibiofemoral cartilage
thickness [39]. In the present study, using site-specific measurements of
cartilage thickness, we detected a significant decrease in both the tibial
(5.4 %) and femoral (2.3 %) cartilage (Fig. 4). The tibial and femoral
cartilage strain magnitudes in this study align with prior work that re-
ported higher strains in the tibial cartilage compared to the femoral
cartilage in response to walking and hopping [21,22,43]. Potential ex-
planations for why femoral cartilage experiences less compressive strain
include differences in the mechanical properties and loading between the
femur and tibia [22,44]. Specifically, prior work has reported that
femoral cartilage is stiffer and less permeable compared to tibial cartilage
[44,45]. With regard to loading differences, as the knee flexes during
dynamic activities, the regions of the femoral cartilage in contact change
more than those of the tibial cartilage [22,43]. These differences may
cause the loading to be more dispersed, reducing strain on the femoral
cartilage [22,43].

Prior work has also utilized quantitative MRI techniques, such as
T1rho and T2 relaxation mapping to evaluate changes in cartilage
composition following loading [20,38–40,46]. For example, a recent
study from our lab found that running results in decreased tibial, femoral,
and patellar cartilage T1rho relaxation times, indicative of an increase in
the concentration of proteoglycans due to expulsion of water [20].
Similarly, decreased T2 relaxation times have been measured in the su-
perficial regions of tibiofemoral cartilage immediately following
running, likely resulting from a reduction in water content [46]. Thus,
our present findings support the hypothesis that running results in im-
mediate post-exercise changes in both tibial and femoral cartilage
thickness due to water loss from the cartilage.

In addition to probing the immediate influence of a 3-mile run,
tibiofemoral cartilage thickness was also measured the following morn-
ing to elucidate the ability of cartilage to recover at a time scale relevant
to habitual exercise. At the recovery time point, both the tibial and
femoral cartilage thickness had significantly increased from the post-
exercise thickness, and recovered to within 1 % of baseline. With re-
gard to prolonged effects after exercise, several prior studies have probed
cartilage thickness and composition between 2 and 12 h following a
marathon run [47–49]. However, in these studies, cartilage thickness and
composition were not measured immediately following exercise, making
it difficult to draw direct comparisons to the present study. Prior work
from our lab evaluated tibial, femoral, and patellar cartilage T1rho
relaxation times before, immediately following, and approximately 24 h
following a 3 or 10 mile run [20]. T1rho relaxation times were signifi-
cantly decreased immediately post-exercise, and returned to pre-exercise
levels after approximately 24 h of recovery [20]. Our present findings, in
conjunction with these prior results, suggest that tibiofemoral cartilage
thickness and composition have the ability to recover from a 3-mile run
within 24 h. However, a limitation of this work is that the participants
were relatively young and healthy. Future work is needed to investigate
6

how repetitive bouts of running may alter cartilage strain and recovery as
it relates to long-term joint health, in addition to evaluating the influence
of age, sex, BMI, and knee health status.

In conclusion, we measured tibiofemoral cartilage strain and recovery
following a 3-mile treadmill run, enabled via the development of deep
learning models to automate segmentation of the tibiofemoral cartilage
and bone. In this analysis, we demonstrated that a 3-mile run induced
both tibial and femoral cartilage compressive strains, and after approx-
imately one day, the cartilage had largely returned to baseline thickness.
This suggests that a single 3-mile run may be a safe magnitude of loading
for tibial and femoral cartilage in a relatively young and healthy cohort of
participants. Future work will seek to expand upon these findings in a
more diverse participant population and under varying run distances and
intensities.
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